The chromosome 9p21 region has been implicated in the pathogenesis of multiple cancers. We analyzed 9p21 single nucleotide polymorphisms (SNPs) from eight genome-wide association studies (GWAS) with data deposited in dbGaP, including studies of esophageal squamous cell carcinoma (ESCC), gastric cancer (GC), pancreatic cancer, renal cell carcinoma (RCC), lung cancer (LC), breast cancer (BrC), bladder cancer (BC) and prostate cancer (PrC). The number of subjects ranged from 2252 (PrC) to 7619 (LC). SNP-level analyses for each cancer were conducted by logistic regression or random-effects meta-analysis. A subset-based statistical approach (ASSET) was performed to combine SNP-level P values across multiple cancers. We calculated gene-level P values using the adaptive rank truncated product method. We identified that rs1063192 and rs2157719 in the CDKN2A/2B region were significantly associated with ESCC and rs2764736 (3′ of TUSC1) was associated with BC (P ≤ 2.59 × 10 −6 ). ASSET analyses identified four SNPs significantly associated with multiple cancers: rs3731239 (CDKN2A intronic) with ESCC, GC and BC (P = 3.96 × 10 −4 ); rs10811474 (3′ of IFNW1) with RCC and BrC (P = 0.001); rs12683422 (LINGO2 intronic) with RCC and BC (P = 5.93 × 10 −4 ) and rs10511729 (3′ of ELAVL2) with LC and BrC (P = 8.63 × 10 −4 ). At gene level, CDKN2B, CDKN2A and CDKN2B-AS1 were significantly associated with ESCC (P ≤ 4.70 × 10 −5 ). Rs10511729 and rs10811474 were associated with cis-expression of 9p21 genes in corresponding cancer tissues in the expression quantitative trait loci analysis. In conclusion, we identified several genetic variants in the 9p21 region associated with the risk of multiple cancers, suggesting that this region may contribute to a shared susceptibility across different cancer types.
Introduction
Genetic variants associated with risk of cancers at multiple sites have been observed (1) (2) (3) . Of note, germline variants in the 9p21 region have been associated with the risk of several cancers. In addition, somatic mutations and deletions of the 9p21 region have been observed in a variety of tumors, underscoring an important role of this genomic region in cancer etiology (4) (5) (6) (7) (8) . This region harbors a cluster of interferon (IFN) genes, several tumor suppressor genes, including cyclin-dependent kinase inhibitors 2A (CDKN2A), CDKN2B, CDKN2B-AS1 [also known as ANRIL (antisense non-coding RNA in the INK4 locus)] and MTAP and other genes with a less well-established role in cancer, including ELAVL2, TUSC1, MOB3B, C9orf72, LINGO2 and ACO1. CDKN2A was the first high-risk melanoma-predisposition gene identified, and rare genetic mutations in CDKN2A have been identified in familial melanoma kindreds (9, 10) . In genomewide association studies (GWAS) of individual cancers, genetic polymorphisms in the CDKN2A/2B-AS1/2B/MTAP gene cluster have been associated with melanoma (11, 12) , basal cell carcinoma (13) , glioma (14) (15) (16) , lung squamous cell carcinoma (LUSC) (17) , breast cancer (BrC) (18) , nasopharyngeal cancer (19) and glaucoma (20) .
Prior reports have provided some insights into a possible common role of the CDKN2A/2B-AS1/2B/MTAP gene cluster in multiple cancers (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) . However, evidence for other 9p21 genes in cancer has been sparse. Thus, combining results of existing GWAS may aid the discovery of novel genetic variants with pleiotropic effects, even if their associations with any individual cancer may not surpass a genome-wide significance threshold. However, few studies have systematically investigated the association of common genetic variants with risk of multiple tumors (1) (2) (3) , partly because of the challenges in combining results from multiple studies using standard metaanalysis approaches when an individual single nucleotide polymorphism (SNP) has an effect in only a subset of cancers or is associated with different cancers in opposite directions. Using a meta-analysis approach that can account for subset-specific and bidirectional effects of individual variants (21), we previously identified several SNPs that were associated with the risk of multiple cancers using data from studies participating in a National Cancer Institute (NCI) iSelect project (2) . However, most cancers included in the iSelect analysis were rare cancers and had moderate sample sizes. In addition, the iSelect platform provided only limited SNP coverage. To expand the examination of the 9p21 region, we analyzed SNPs in this region from eight large cancer GWAS, which were deposited in the database of Genotype and Phenotype (dbGaP) (22) . The eight cancers included are esophageal squamous cell carcinoma (ESCC), gastric cancer (GC), renal cell carcinoma (RCC), pancreatic cancer (PanC), lung cancer (LC), BrC, bladder cancer (BC) and prostate cancer (PrC). The studies of ESCC and GC consisted of only Chinese, whereas subjects for other cancers were predominantly Caucasians. Three cancers (ESCC, GC and RCC) were also studied in the previous iSelect analysis, but the number of cases included in GWAS was more than doubled for GC and RCC, and nearly doubled for ESCC.
Methods

Study populations
At the time when we requested data from dbGaP (http://www.ncbi.nlm.nih. gov/gap), GWAS data from 12 cancer studies were available. We excluded four studies because of small sample size (two studies with total number of cases and controls <500), lack of controls or unavailable principle component analysis (PCA) data (we only had access to SNPs for the 9p21 region and therefore cannot regenerate PCA). In the final analysis, we included eight cancers, all of which are part of the NCI-Cancer Genetic Markers of Susceptibility (CGEMS, http://dceg.cancer.gov/research/how-we-study/ genomic-studies/cgems-summary) project, including upper gastrointestinal cancer (ESCC and GC, dbGaP accession number phs000361), PanC 9p21 variants and multiple cancers (consent group 1, phs000206), RCC (phs000351, only the NCI scan part available in dbGaP), LC (consent group 1, phs000336), BrC (phs000147), BC (phs000346) and PrC (phs000207) ( Table I) . Details on the subjects in the genome-wide scanning phase of these GWAS have been described previously (23) (24) (25) (26) (27) (28) (29) (30) . For ESCC and GC, additional subjects were genotyped using the same platform as used in the initial scanning (23, 31) , and data from these subjects were provided by the study principal investigator (P.R.T.). ESCC and GC share the same control subjects (n = 2111). Overlapping subjects, predominantly shared controls, were also present for most of the other six cancers (Supplementary Table S1 , available at Carcinogenesis Online). (23) (24) (25) (26) (27) (28) (29) (30) . For each study separately, we excluded SNPs with minor allele frequency <0.01 in the case-control combined dataset, completion rate <0.90, or deviation from Hardy-Weinberg equilibrium among controls (P < 10 −7
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). Subjects in Prostate, Lung, Colorectal and Ovarian (PLCO) Cancer Screening Trial in the BC study had a generally low completion rate for all 9p21 SNPs (1055 out of 2573 subjects had completion rate <55%), and we therefore excluded all PLCO subjects from the BC study. After quality control filters, the number of evaluable SNPs ranged from 2267 in GC to 3674 in BC (Table I) . No SNPs mapped to IFNA16 for ESCC, GC, PanC, RCC and LC, so only 34 genes were analyzed for these cancers.
Imputation analysis of SNPs in the 9p21 region
Genome-wide imputation data were available for three cancers (ESCC, PanC and LC) and we evaluated imputed SNPs in the 9p21 region for these three cancer outcomes. Imputation was conducted separately for each scan using IMPUTE2 software version 2.2.2 (http://mathgen.stats.ox.ac.uk/impute/ impute_v2.html) and version 3 of the 1000 Genomes Project data (http:// www.1000genomes.org/) as the reference set. First, the genomic coordinates were lifted over from NCBI human genome build 36 to build 37 using the UCSC lift over tool (http://hgdownload.cse.ucsc.edu/downloads.html). The few loci that failed to be lifted over were also excluded from the imputation. Second, the strand of the inference data was aligned with the 1000 Genomes data by simple allele state comparison or allele frequency matching for A/T and G/C SNPs. We excluded those A/T or G/C SNPs with minor allele frequency >0.45 before any imputation was conducted. We implemented a 4 Mb sliding window to impute across the genome, resulting in 744 jobs running in parallel on the National Institutes of Health BIOWULF cluster (http://biowulf.nih.gov/). A prephasing strategy with SHAPEIT software version 1 (http://www.shapeit.fr/) was adopted to improve the imputation performance. The phased haplotypes from SHAPEIT were fed directly into IMPUTE2. Imputed loci with imputed R 2 <0.3 or minor allele frequency <0.01 were excluded from further association analysis. Data on ESCC and GC were provided by the study principal investigator (P.R.T.) which included additional subjects after the initial GWAS scan. Other discrepancies between numbers here and those shown in dbGaP are due to the limit of the authors' data access or the applied quality control criteria. ) in controls, with minor allele frequency >0.01 in cases and controls combined, and with completion rate >0.90 in cases and controls combined.
Statistical analyses
Individual SNP-level analyses were conducted for each cancer separately. An unconditional logistic regression model was initially fitted to calculate the odds ratio and 95% confidence interval (CI) for one minor allele of each SNP in a log-additive model using the R software. We adjusted for the same covariates as in the original GWAS publications or as suggested by study principal investigators (Table I ) (23) (24) (25) (26) (27) (28) (29) (30) .
For several cancers (LC, BC, PanC and RCC), we had data from substudies conducted in different countries. We evaluated the heterogeneity across substudies for the top 20 SNPs identified from each cancer using the Q statistic. Significant heterogeneity (P heterogeneity < 0.10) was found only for a small subset of SNPs in BC and RCC and none in PanC. However, in LC, 9 of the 20 selected SNPs were heterogeneous across substudies (data not shown). To examine whether the extensive heterogeneity was influenced by different smoking exposures in the different substudies, we obtained detailed smoking data from study investigators (D.A., N.E.C., S.M.G. and M.T.L.); however, the adjustment for smoking variables (smoking status, duration and pack-years) and the analyses restricting to male current smokers only or male current/former smokers [Alpha-Tocopherol, Beta-Carotene Cancer Prevention Study (ATBC) only had male current smokers] did not appreciably reduce the heterogeneity (data not shown). For SNPs showing significant heterogeneity (P heterogeneity < 0.10), we further calculated the effect of SNPs in each individual substudy using logistic regression and combined substudies-specific SNP effects using a random-effect meta-analysis.
We evaluated the linkage disequilibrium (LD) between SNPs using Haploview 4.2. After excluding SNPs with pairwise r 2 ≥ 0.80 in controls, a Bonferroni-corrected significance level for the single SNP analysis was calculated based on the number of SNPs and outcomes studied [P < 3.65 × 10 −6 , 0.05/13 712 SNPs (the total number of SNPs in all eight cancers combined), footnote of Table II ]. The PanC study included a small proportion of Chinese subjects (n = 113). We conducted a sensitivity analysis by excluding these subjects and obtained similar results (data not shown). We therefore included all subjects in subsequent analyses.
For 39 SNPs that were associated with at least one cancer at P < 0.001, or at least two cancers at P < 0.01 (Supplementary Table S2 , available at Carcinogenesis Online), we assessed their associations with multiple cancers using the standard random-effect meta-analytic model (PROC GLIMMIX, SAS 9.2) and a subset-based model, which combines SNP-level associations using the association analysis based on subset (ASSET) implemented in R (21). We did not find significant heterogeneity in effect estimates for these SNPs across substudies of LC, BC, PanC and RCC. Overlapping subjects in different outcomes were accounted for in all meta-analyses. The same reference allele was used for each SNP across the eight cancers, selected as the minor allele for the outcome with the most significant observed P value. ASSET explores subsets of cancers for the presence of true association signals (21) . For a subset S of k cancers, ASSET defines Z(S) as test statistic for meta-analyses of the k cancers, for which the weight was determined by the sample size for one outcome relative to the total sample size in the subset. ASSET exhaustively tests all possible subsets and reaches the maximum of the subset-specific Z(S). Two-sided ASSET was used to allow for effects in opposite directions. In our analysis, the significance for meta-analyses was set at P < 0.0013 (0.05/39).
We applied the adaptive rank-truncated product approach available in an R package, to combine association signals for all SNPs within a gene and calculate gene-level associations (1 000 000 resamplings) (32), for each cancer respectively. This method takes into account the number of SNPs within one gene. The significance level for gene-level analysis was defined as P < 1. , 0.05/305 874 imputed SNPs). For 200 imputed SNPs that were associated with at least one cancer at P < 0.001, or at least two cancers at P < 0.01, we assessed their associations with multiple cancers using ASSET and significance level was set at P < 2.50 × 10 −4 (0.05/200). We examined the LD between the imputed SNPs significantly associated with multiple cancers and the genotyped SNPs significant for multiple cancers in Table III , based on 1000 Genome data.
SNP function annotation
To explore whether any of the significant SNPs identified might have potential regulatory functions in the specific cancer-associated tissues, we used custom tracks on the UCSC Genome browser (http://genome.ucsc.edu) to screen Roadmap and ENCODE data for each implicated SNP region for evidence of regulatory relevance (33, 34) , such as overlapping with chromatin marks, CpG site methylation and transcription factor binding motifs. We also used the online tools HaploReg (http://www.broadinstitute.org/mammals/haploreg/haploreg.php) and RegulomeDB (http://regulome.stanford.edu) as a complementary analysis to confirm the location of each SNP in relation to annotated protein-coding genes and/or non-coding RNA genes (footnotes of Supplementary Table S3, available at Carcinogenesis Online).
For SNPs that were significantly associated with individual cancer (Table  II) or multiple cancers (Table III and Supplementary Table S4 , available at Carcinogenesis Online), we performed expression quantitative trait loci (eQTL) analysis to assess the impact of 9p21 SNPs on cis-expression levels in corresponding cancer tissues, based on The Cancer Genome Atlas (TCGA) Research Network (http://cancergenome.nih.gov/) (35) . We downloaded the total expression estimated based on the RNA-seq data of tumor samples using RSEM software (36) and TCGA germline SNP data derived from blood DNA, which are based on the Genome-Wide Human SNP Array 6.0 platform. For each tumor site, we performed eQTL analysis for each 9p21 gene-SNP pair. The genetic association was evaluated using a linear regression adjusting for the top five PCA scores derived from SNP genotyping data to control for population stratification and top three PCAs derived from expression levels to remove potential artifacts such as batch effects. For each gene, we further calculated the average of the segmented copy number scores based on TCGA Level 3 data and average methylation levels for CpG probes annotated to be related with the gene. The association between SNPs and the gene was then further adjusted for the average copy number alteration scores and methylation levels as described by Li et al. (37) . Several genotyped (rs3731239 and rs12683422) or imputed SNPs (rs7874405, rs2383607 and rs180733044) significantly associated with multiple cancers were not included in the TCGA data. None of the significant SNPs for individual cancer (Table II) was included in the TCGA data. We therefore only examined rs10511729 [in tissues of BrC (n = 702), lung adenocarcinoma (LUAD, n = 426) or LUSC (n = 362)] and rs10811474 [in BrC tissues only (n = 702), since no information on RCC tissues was available].
Results
SNP-level analysis for individual cancers
Information on the design of each GWAS, number of subjects, SNPs and available covariates is summarized in Table I and Supplementary  Table S1 , available at Carcinogenesis Online. Based on random-effect meta-analysis for LC and logistic regression for all other cancers, five SNPs were significant after Bonferroni correction for individual MAF, minor allele frequency.
a SNPs significant after Bonferroni correction for multiple comparisons (P < 3.65 × 10 −6 ), ranked by P values. The P values and odds ratios (ORs) (per one minor allele) were calculated from random-effect meta-analysis (LC) or logistic regression models (other cancers), adjusting for cancer-specific covariates. 9p21 variants and multiple cancers cancers (P ≤ 2.59 × 10 −6 ), including rs2764736 (3′ of TUSC1) and rs1502895 (5′ of LINGO2) for BC, rs1063192 (3′ UTR of CDKN2B) and rs2157719 (CDKN2B-AS1 intronic) for ESCC and rs7033375 (5′ of C9orf72) for RCC. However, rs1502895 and rs7033375 showed significant heterogeneity across substudies of BC and RCC, respectively (P heterogeneity < 0.10), and became non-significant when accounting for heterogeneity using a random-effect meta-analysis (P = 0.50 and P = 0.21, respectively). We therefore did not include these SNPs in subsequent meta-analyses. Table II shows the remaining three SNPs that were significant (Table II and Supplementary Figure  S1 , available at Carcinogenesis Online).
Meta-analysis across multiple cancers
For 39 SNPs with P < 0.001 for at least one cancer or with P < 0.01 for at least two cancers (Supplementary Table S2 , available at Carcinogenesis Online), we conducted meta-analyses and found significant associations for 4 SNPs based on ASSET (P ≤ 0.0013), which were not significant by random-effect meta-analyses (Table III and Supplementary Figure  S1 , available at Carcinogenesis Online). Specifically, the C allele of rs3731239 (CDKN2A intronic) was associated with increased risk of ESCC, GC and BC (P = 3.96 × 10 ).
Gene-level analysis
In the gene-level analysis, three genes (CDKN2A, CDKN2B-AS1 and CDKN2B) were significantly associated with the risk of ESCC (P ≤ 4.70 × 10 −5 ). None of the 9p21 genes examined showed significant associations with other cancers (Table IV) .
SNP function annotation based on ENCODE data
Based on ENCODE data, several SNPs such as rs3731239 (CDKN2A intronic), rs10511729 (3′ of ELAVL2) and rs2157719 (CDKN2B-AS1 intronic) overlapped with weak but potential enhancers in one or more cancer-associated tissues suggesting a potential regulatory function for the SNPs in these tissues (Figure 1 and Supplementary Table S3, available at Carcinogenesis Online). Interestingly, in addition to rs2157719, which maps to the antisense RNA gene CDKN2B-AS1, rs10511729 (3′ of ELAVL2) and rs2764736 (3′ of TUSC1) were also located proximal to non-coding RNA genes (Supplementary Table S3 , available at Carcinogenesis Online), and in some instances much closer to a noncoding RNA gene than the previously annotated protein-coding gene.
Analysis using imputed SNPs
We had the SNP imputation data for three cancers (ESCC, PanC and LC). To identify additional 9p21 SNPs associated with multiple cancers, we examined these imputed SNPs but did not find any single imputed SNP that was significantly associated with any individual cancer after Bonferroni correction. Meta-analyses using ASSET found significant associations for three imputed SNPs (Supplementary Table  S4, available ). We did not find evidence for high LD between these SNPs and the genotyped SNPs significant for multiple cancers in Table III , based on 1000 Genome data.
eQTL analysis
In eQTL analyses based on TCGA data, we found that the G allele of rs10511729, which was negatively associated with LC and BrC risk, was significantly associated with increased expression of TUSC1 (P = 0.006) and IFNA14 (P = 0.02) in BrC, increased expression of CDKN2B in LUSC (P = 0.02) and LUAD (P = 0.03) tissues and increased expression of LRRC19 (P = 0.049) in LUSC tissues, but was associated with decreased ACO1 expression (P = 0.02) in LUAD. For rs10811474, which was associated with RCC and BrC, we found that the G allele was significantly associated with increased IFNW1 expression in BrC (P = 0.03) (there is no TCGA data available for RCC). Similar results were obtained with SNPs were ordered by the chromosome location. Significant P for meta-analysis (P < 0.05/39 = 0.0013) or for analysis in individual outcomes (P < 0.01) was marked in bold.
b
The minor allele in the cancer outcome with the most significant P value.
c Random-effect meta-analysis was conducted using GLIMMIX, accounting for overlapping subjects. Results were from ASSET, a subset-based association analysis for combining SNP-based results, accounting for overlapping subjects. the further adjustment of copy number alteration and methylation within the same tissue (Supplementary Table S5 , available at Carcinogenesis Online).
Discussion
In this study, we systematically examined the associations between common genetic variants in 35 9p21 genes and risk of eight cancers by a subset-based meta-analysis using ASSET. We found that a number of SNPs were associated with multiple cancers, further highlighting the role of this region in the shared susceptibility and etiology of various cancers. Our data also suggest that the identified associations might not be confined to the CDKN2A/2B-AS1/2B/MTAP cluster; rather, that different genes/subregions may be associated with different cancer outcomes. We previously conducted a similar meta-analysis evaluating up to 203 9p21 SNPs and the risk of multiple cancers based on selected SNPs, from a customized platform, iSelect (2) . The associations we found in that study were restricted to subsets containing ESCC and colorectal cancer, which were the only two cancers with >1000 cases. Thus, these findings could reflect a lack of power for cancers with smaller sample sizes. The current GWAS meta-analysis was based on much larger sample sizes (range 2252-7619 cases for each cancer) and vastly improved SNP coverage (2267-3674 SNPs). In addition, most cancers in the current analysis, including BC, BrC, PanC, PrC and LC, were not included in the previous analysis which focused primarily on rare malignancies.
The protein-coding genes CDKN2A and CDKN2B and non-coding antisense RNA gene CDKN2B-AS1 lie in a region that is frequently mutated, deleted or hypermethylated in tumor tissues and are among the loci most consistently associated with multiple chronic diseases in GWAS (10, 38, 39) . We observed that all three genes in the CDKN2A/2B-AS1/2B cluster and two SNPs (rs1063192, 3′ UTR of CDKN2B, and rs2157719, CDKN2B-AS1 intronic) were significantly associated with ESCC in both gene-and SNP-level analyses. These SNPs were previously associated with glaucoma and glioma in Caucasians (14, 16, 20) . One GWAS conducted in China found that rs1412829 (CDKN2B-AS1 intronic), which is in high LD (r 2 > 0.8) with rs2157719, was associated with nasopharyngeal cancer (19) . Particularly, a number of risk SNPs for multiple chronic diseases in this gene cluster, such as rs1063192, was associated with allelic-specific expression of CDKN2B/2A/2B-AS1 (38, 39) .
The region containing rs2157719 appears to be in an active, but weak enhancer in normal esophageal cells as well as an open chromatin conformation (strong DNaseI site) in cultured esophageal epithelial cells (HEEpic), suggesting a potential regulatory function for this SNP in esophageal tissues. Similarly, rs3731239 (CDKN2A intronic), which has been associated with increased risk of ESCC (Chinese) and endometrial cancer (Caucasian) in our previous report (2) and with ESCC (Chinese), GC (Chinese) and BC (Caucasians) in our analysis, appeared to be in a region overlapping a weak and poised enhancer in normal stomach mucosa (and possibly esophagus) based on Roadmap histone data tracks. Consistent with previous reports, these data suggest that SNPs in the CDKN2A/2B-AS1/2B cluster may modulate disease susceptibility primarily through regulating expression levels of genes in the cluster.
Other genes in the 9p21 region have less established roles in cancer development compared to CDKN genes; however, several, such as ACO1, ELAVL2 and TUSC1, are involved in cellular functions or pathways that are relevant to cancer (10, (40) (41) (42) (43) (44) . For example, ELAVL2 is involved in cell growth and differentiation and increased expression has been implicated in neuroblastoma and teratocarcinoma cells (42, 43) . TUSC1 has been suggested to be a tumor suppressor gene in LC (44) . Unlike previous individual cancer GWAS in which most significant associations were confined to the CDKN-MTAP region, the current analysis revealed associations for several SNPs in a number of non-CDKN genes and intergenic regions. For example, rs2764736 (3′ of TUSC1), which is located proximal to a non-coding RNA gene, was associated with BC risk. The G allele of rs10511729 (3′ of ELAVL2) was significantly associated with decreased risk of LC and BrC in ASSET analysis. This SNP is located in an active but weak enhancer in normal breast tissues and overlaps with H3K4me1 and H3K27me3 histone marks in normal lung tissues. Using BrC TCGA data, we found that rs10511729 G allele was correlated with increased expression of TUSC1 (BrC), IFNA14 (BrC), CDKN2B (LUSC and LUAD) and LRRC19 (LUSC), as well as decreased expression of ACO1 in LUAD, suggesting that this SNP may have an important regulatory function in these tissues. Similarly, the G allele of rs10811474 in the 3′ of IFNW1, which was associated with increased risk of BrC and RCC, has the potential to form a CpG site in the DNA context and may also alter Sp100 transcription factor binding. Indeed, the eQTL analysis using TCGA data also revealed significantly elevated IFNW1 expression by G allele in BrC. Our ASSET meta-analysis found significant SNPs with heterogeneous effects in different cancers. Our findings support a complex genetic susceptibility associated with cancer etiology implicated by this chromosome region and highlight the importance of comprehensively evaluating genes located in the 9p21 region in future genetic studies.
Notably, we found SNPs associated with BC even at genome-wide significance threshold that were not revealed in the original GWAS publications (26, 28) , which may be partly due to different subjects included in the original GWAS and our analysis (we excluded PLCO subjects in BC). Our study also raised an issue of heterogeneity among substudies. For LC, considerable heterogeneity in SNP effects existed among substudies, especially between ATBC (Finland) and the two US substudies [Cancer Prevention Study (CPS) II and PLCO], and was not resolved after further adjusting for smoking variables and principal components and confining subject to male smokers. The issue of heterogeneity requires attention in future studies involving multiple countries and centers.
Strengths of our study include the use of a subset-based method (ASSET) designed to combine association signals that may only manifest in a specific subset or have different directions across studies. This approach has better power in some settings compared to standard meta-analyses (21) . In addition to SNP-level analyses, we also calculated gene-level associations. Further, we adjusted for the same covariates that were included in the original GWAS whenever possible and for additional variables that were not included in dbGaP such as principal components and smoking variables for LC, which we obtained from study investigators.
Our study also has several limitations. First, our analysis was based on the available GWAS data deposited in dbGaP, which covers only a small subset of cancer GWAS published in the literature and may have limited the power in identifying common genetic mechanisms for different cancers. However, we aimed to use the largest number of studies we could get from dbGaP, and the GWAS included were all the eligible data we can get when we initiated the study. In addition, studies included in this analysis varied by design, population ethnicity and SNP coverage and had overlapping subjects which posed challenges for combining data. We addressed the across-cancer heterogeneity using a subset-based meta-analysis, accounting for the overlapping subjects. Because ESCC and GC studies consisted of only Chinese subjects, whereas other cancers were predominantly among Caucasians, the subset-based meta-analysis may have been limited in its ability to identify shared susceptibility loci between upper gastrointestinal cancers (ESCC and GC) and other cancers. However, since Asian populations have high incidences of ESCC and GC, including these studies may provide important insights for the evaluation of a variety of different cancers. Second, we did not have SNP imputation data for all cancers, which may have limited the power for finding additional loci in meta-analyses. However, the secondary analysis for three cancers with imputed SNPs did not find other significant regions, beyond the regions that were shown significant in the primary analysis (CDKN2A/2B-AS1/2B/MTAP cluster, ELAVL2/TUSC1, LINGO2/ACO1 and IFNW1 region). Third, because of the need to control for a large number of overlapping subjects across studies, our results likely represent the most conservative estimates of SNP effects in multiple cancers. Fourth, there is growing evidence of heterogeneity within a single cancer site such as tumor subtypes defined by histology, gene expression, or major exposures. However, our study based on the public database is limited by sample size and relevant subtype information to address this issue.
In conclusion, our analyses based on multiple cancer GWAS identified several susceptibility loci in the 9p21 region that were associated with a number of different cancers, suggesting shared genetic susceptibility. On the other hand, variants in different genes/regions also appear to be associated with distinct outcomes, indicating heterogeneous cancer susceptibility associated with this chromosomal region. Further studies integrating GWAS data with those obtained from detailed genomic analyses in multiple tumor tissues such as TCGA would be helpful in understanding the complex genetic regulation of the 9p21 region in the development of each specific cancer outcome.
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Supplementary Tables S1-S5 and Figure S1 can be found at http:// carcin.oxfordjournals.org/ the left hand scale. The SNP rs10511729 is colored red. The HMM utilizes computationally integrated ChIP-seq data for 5/6 core marks (H3K27me3, H3K36me3, H3K4me1, H3K4me3, H3K9ac, H3K9me3) + H3K27ac with the associated yellow segment color indicating a weak enhancer annotation for the overlapping SNP region in normal breast cells. The overlapping SNP region is also bordered by two separate DNaseI peaks in normal breast epithelial cells. In normal lung cells, histone marks (H3K27ac, H3K4me1 and H3K4me3) which are associated with active enhancers were also observed for the overlapping region, suggesting rs10511729 is contained within a potential regulatory region in breast and lung tissues. (B) UCSC genome Browser image of intronic region of CDKN2B-AS1 on human assembly hg19 showing 9p21 region, ENCODE/GENCODE V17 gene annotation, UCSC Genes, Roadmap Chromatin State Segmentation by a HMM for Roadmap normal esophageal cells, DNaseI sites/cluster for 8/125 ENCODE cell lines, RNA-seq in ENCODE normal Human Lung Fibroblasts and dbSNP 137 on the right hand scale. The SNP rs2157719 is colored red. The associated yellow segment color for HMM indicates a weak enhancer annotation for the overlapping SNP region in Roadmap normal esophageal cells. The rs2157719 containing region also overlaps with a strong DNaseI cluster in a number of ENCODE cells lines including small airway epithelial cells (SAEC) and esophageal epithelial cells (HEEpic) cells suggesting rs2157719 is contained within a potential regulatory region in esophageal and lung (bronchiole) tissues. (C) The LD structures of rs10511729 and rs2157719 among controls of Chinese in the ESCC study. Only SNPs with P value <0.001 for at least one cancer or P value <0.01 for at least two cancers, that locate <500 kb apart from rs10511729 and rs2157719, were analyzed. (D) The LD structures of rs10511729 and rs2157719 among controls of Caucasian in the LC study. Only SNPs with P value <0.001 for at least one cancer or P value <0.01 for at least two cancers, that locate less than 500 kb apart from rs10511729 and rs2157719, were analyzed. The LD structures of these two SNPs among controls of Caucasians in the BrC study are very similar. BMC, breast human mammary epithelial cells; BV, breast myoepithelial cells. 
